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Discovering novel lead-free mixed cation hybrid
halide perovskites via machine learning†

Fatemeh Jamalinabijan,a Somayyeh Alidoust,a Gözde İnis- Demir a and
Adem Tekin *ab

In our recent study (S. Alidoust, F. Jamalinabijan and A. Tekin, ACS Appl. Energy Mater., 2024, 7, 785–

798), a thorough computational screening using density functional theory (DFT) was conducted on

mixed cation halide perovskites with a general formula of AA0BX3, aiming to identify promising lead-free

candidates. Employment of 23 A/A0-cations, 29 B-ions, and 4 X-anions yielded approximately 29 000

possible perovskite combinations. However, while modern high-throughput DFT frameworks can handle

large-scale calculations, treating the entire configurational space of 29 000 possible perovskite combina-

tions remains computationally demanding. Leveraging machine learning (ML) approaches could provide

a more efficient alternative for capturing this complexity. Therefore, by using two empirical criteria

known as octahedral and tolerance factors, this huge number was narrowed to nearly 2700, and the

corresponding decomposition energy and band gap calculations were performed for each one of them.

However, the remaining nearly 26 300 perovskites, though not selected by the empirical criteria, could

still hold valuable and potentially promising candidates. Therefore, an ML model has been trained on the

DFT-calculated subset, which has been increased to 4181 to achieve molecular and elemental homoge-

neity in these data sets to predict and identify promising perovskites within the unexamined portion of

the dataset. Remarkably, the ML approach identified 930 promising perovskites satisfying both the

decomposition energy (r0.025 eV per atom) and band gap (1.0 r gap r 2.0 eV) criteria. Among these,

20 perovskites were selected for further validation through DFT calculations, and a very nice agreement

has been obtained between the predicted and calculated decomposition energy and band gap values.

These findings highlight the effectiveness of ML in accelerating the discovery of materials with specific

desirable properties.

1 Introduction

Energy has been a significant issue over the past few decades,
with discussions highlighting the persistent challenges of both
generating and storing it.1 Oil, wood, and coal are examples of
conventional energy sources that have been utilized for a long
time because of their extensive availability, simplicity in storage
and transportation, and low requirement for complex systems

such as expensive energy storage plants.2 On the other hand,
these non-renewable energy resources produce greenhouse
gases that endanger the globe.3 Therefore, there is a tremen-
dous interest in the scientific community for finding environ-
mentally friendly and renewable energy sources. In this respect,
harvesting solar energy becomes an appealing candidate, even
though the requirement of cutting-edge technological design
solutions for the production and storage of solar energy.4,5

In the photovoltaic (PV) industry, perovskite solar cells
(PSCs) have recently gained extraordinary popularity for energy
conversion. Perovskites are crystalline materials with a general
formula of ABX3, where A and B are inorganic cations and X is
an anion.6,7 Alternatively, hybrid organic–inorganic metal
halide perovskites (HOIPs) are an emerging class of solar
harvester materials due to their high efficiency and relatively
low production costs.8 In 2009, Kojima et al.9 used HOIPs, in
particular methylammonium (CH3NH3 = MA) lead iodide
(MAPbI3) and methylammonium lead bromide (MAPbBr3), for
the first time as visible-light sensitizers in photoelectrochem-
ical cells. In 2011, Parks team fabricated a quantum-dot-
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sensitized solar cell based on MAPbI3 nanocrystals with a power
conversion efficiency (PCE) of 6.54%.10 The first solid-state
HOIP, achieving 9.7% efficiency, was reported by Kim et al.11

in 2012, followed by Lee et al.12 with a 10.9% PCE using
MAPbI2Cl. Yu et al.13 improved this to 12% in 2014, while Im
et al.14 reached 17.01% using a two-step spin-coating method.
Breakthroughs continued with Yang et al.15 surpassing 20%
efficiency with FAPbI3 in 2015. Eperon et al.16 achieved 20.3%
with a tandem structure in 2016, followed by Peng et al.,17 who
reached 20.4% with a mixed-cation perovskite in 2017. In 2021,
Yoo et al.18 attained a certified 25.2% efficiency using FAPbI3

with MAPbBr3, and Jeong et al.19 later reached 25.6% by
suppressing anion-vacancy defects. As of now, single-junction
PSCs have achieved a maximum certified PCE of 26.1%,20

rivaling that of monocrystalline silicon solar cells.
The majority of these highly efficient PSCs are based on the

toxic lead. Hence, searching for lead-free, efficient, and stable
perovskite materials is so crucial for the PV industry.21 In order
to find prospective lead-free HOIPs, new ingredients for both A
and B sites have been experimentally investigated, and it has
been found that promising lead-free perovskites can be
obtained when B is replaced with less toxic ions such as Sn2+,
Bi3+, Ge2+, Sb3+, Mn2+ and Cu2+.22–29

In addition to these experimental studies, new promising
perovskite candidates were obtained with the help of computa-
tional screening studies based on the expensive high-
throughput density functional theory (DFT) calculations.30–35

Meanwhile, data-driven research has recently attracted a lot of
interest for accelerating this process by quickly screening
candidates in the search for the new materials using materials
repositories (such as materials project (MP),36 Open Quantum
Materials Database,37 AFLOW,38 and PAULING FILE39) built
from the DFT or experimental data.40 In this context, machine
learning (ML) algorithms have been widely used for the dis-
covery of new materials.41–44 For example, in 2016, Pilania
et al.45 used a support vector machines (SVM) classifier algo-
rithm to illustrate the potent functionality and scalability of ML
by assessing the formability of ABX3 HOIPs using element-wise
descriptors. By estimating the formability of 455 ABX3 perovs-
kites with ML, they found 40 promising new perovskites.
Shuaihua et al.46 chose the gradient boosting regression
(GBR) algorithm from a comparison of six ML regression
algorithms, including kernel ridge regression (KRR), SVM,
Gaussian process regression (GPR), decision trees regression
(DTR), and multi-layer perceptron (MLP), for the prediction of
band gaps using a data set of 212 orthorhombic HOIPs, and
they found 6 out of 5158 HOIPs with proper band gaps. A
support vector classification model was developed in 2019 by
Jain et al.47 to predict the formability of 454 ABX3 perovskites
with the help of a dataset comprising 189 ABX3 compounds
mostly from the study of Li et al.48 The developed model
predicted 45 compounds as highly formable (with a formation
probability greater than 0.8), and many of these were either
experimentally synthesized or already published in the litera-
ture. Jino et al.49 looked into the ML prediction of the band gap
and decomposition energy of halide double perovskites using

the gradient boosted regression trees (GBRT) approach. Speci-
fically, the accuracy of GBRTs performance was comparable to
the baseline error caused by the discrepancy between the
experimental and DFT values. Ekaterina et al.50 prepared a
database of experimentally considered 515 two-dimensional
(2D) HOIPs composed of 180 different organic cations, 10
metals (Pb, Sn, Bi, Cd, Cu, Fe, Ge, Mn, Pd, and Sb), and 3
halogens (I, Br, and Cl) and then used a Gradient Boosting
Decision Tree (GBDT) approach to develop models to predict
the band gap and partial atomic charges of 2D perovskites. In
particular, they predicted the band gap and atomic partial
charges with an accuracy of within 0.1 eV and 0.01 e, respec-
tively. Zhang et al.51 trained several classifiers; the best perfor-
mance was obtained with the extreme gradient boosting
(XGBoost), using 44 HOIP and 58 non-HOIP samples collected
from the literature to predict the formability of ABX3 com-
pounds, and they obtained 198 nontoxic perovskite candidates
with a high probability of formability out of 18 560 virtual
samples. Yang et al.21 used an ML technique to uncover
promising double perovskites by training on the computed
band gaps of 272 double perovskites. More recently, Lu
et al.52 built a database containing experimentally synthesized
539 HOIPs and 24 non-HOIPs and then applied an imbalanced
ML using elemental descriptors to predict the formability of
4320 ABX3 candidates. In particular, they found that trifluor-
omethanaminium (TFMA) and azetidin-1-ium (AZ1) organic
cations lead to the highly formable perovskites such as
TFMAPbI3, TFMASnI3, TFMAPbBr3, TFMABaI3, TFMAPbCl3,
AZ1PbBr3, and AZ1PbCl3. In contrast to the previous studies,
Wang et al.53 collected the computed band gaps of 1747 double
perovskites, not only halides but also oxides, from the MP
database and then trained a classification predictive model
using the GBDT algorithm. The resulting ML models have
been used to predict the band gaps of 23 314 double perovskites
and 6 perovskites (including Cs2AgIrBr6, Cs2CdGeBr6, and
Rb2AgIrBr6) were found with promising optoelectronic
properties.

In the literature, most of the ML studies focused on the
perovskites with a general formula of ABX3. However, the most
efficient perovskites include either individual or complete mix-
ing strategies of A, B, or X sites. In this regard, recently, a
computational screening study has been performed in our
research group to find promising perovskites with a general
formula of AA0BX3.54 In this screening study, approximately
29 000 perovskite candidates, composed of 23 A/A0-cations, 29
divalent B-ions, and 4 X-anions, have been generated. By using
empirical Goldschmidt tolerance (t)55 and octahedral (m) fac-
tors, it has been concluded that 2710 candidates tend to form
stable perovskite structures, and then their corresponding
decomposition energy (Edec) and band gap (Egap) were calcu-
lated at the DFT level.

However, it is known that the t does not always correctly
discriminate between perovskite and nonperovskite materials.
Bartel et al.56 showed that using the Goldschmidt tolerance
factor, only 74% of metal oxide and metal halide materials can
be predicted as perovskite. They proposed a new tolerance
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factor as follows:

T ¼ rX

rB
� nA nA �

rA

rB

ln
rA

rB

� �
0
BB@

1
CCA (1)

which offers a considerably better prediction of perovskite
stability as seen in experiments.56 Here, nA is the oxidation
state of A-cations and rA, rB, and rX are the ionic radii of the A,
B, and X sites, respectively. T o 4.18 indicates a promising
perovskite structure.56 Bartel et al.56 showed that for around
1500 perovskite compounds, the T prediction is in agreement
with the stability seen in experiments for more than 90% of the
compounds.

Due to these facts, some of the left out perovskite candidates
in our previous screening study,54 C18 000 after the elimina-
tion of AA0BF3 perovskites, which mostly lead to wide band
gaps, could potentially be a favorable material. Therefore,
revisiting and further investigating the potential of these left
out perovskites is a necessity for the discovery of new promising
perovskites. For this purpose, two different ML models have
been trained based on the DFT outcomes of our previous study
to predict the Edec and Egap of nearly 18 000 perovskite
structures.

2 Method
2.1 Computational details

Structure optimizations have been performed by utilizing DFT
as implemented in the Quantum Espresso (QE) simulation
package.57 The generalized gradient approximation (GGA)

functional of Perdew–Becke–Ernzerhof (PBE)58 was used as an
exchange correlation (xc) functional. Electron–ion interactions
were described by ultrasoft pseudopotentials (USPPs) available
in the QE library.59 Kinetic and charge density cutoffs of 40 and
320 Ry were set for all atoms, respectively. Structural relaxations
were performed by sampling the Brillouin zone with a 4 � 4 � 4
k-point grid. Energy and force convergence criteria were chosen
to be 10�5 and 10�4, respectively. In all DFT calculations, spin
polarization was neglected.

As already detailed in our recent screening study,54 metal
halide perovskites can be synthesized by the spontaneous
reaction of MAI and PbI2 salts at room temperature:60

MAI + PbI2 - MAPbI3 (2)

As similar to the mono-cation metal halide perovskites,
dual-cation AA0BX3 HOIPs (such as CsxMA1�xPbI3

61,62 and
MAxFA1�xPbI3

63) can be synthesized by mixing precursors of
AX, A0X, and BX2 as shown below:

xAXþ yA0Xþ BX2 ! AxA
0
yBX3 (3)

For this reaction, the stability (Edec or decomposition energy)
can be assessed by using the following formula,32,33,64–70 which
indicates the decomposition of AA0BX3 into its corresponding
binary constituents:

Edec ¼ EAxA
0
yBX3
� xEAX � yEA0X � EBX2

� �
(4)

where EAxA
0
yBX3

is the total energy of AA0BX3 and EAX, EA0X and

EBX2 are the total energies of AX, A0X, and BX2, respectively. x
and y depend on the stoichiometric ratio of the two cations,
and their sum is 1. Negative Edec denotes the stability of the
perovskite. Perovskites are considered stable if their Edec is

Fig. 1 Data preparation and utilization workflow for ML models.
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below 0.025 eV per atom.71 While most of the AX, A0X, and BX2

structures were taken from the open quantum materials data-
base (OQMD)72 and the materials project (MP),73 the ones that
do not exist in these databases were manually generated with
the help of known structures.

As is well-known, standard DFT tends to underestimate the
band gaps of hybrid halide perovskites.74 Although more
accurate methods like hybrid functionals or GW approxima-
tions provide better estimates,30 their high computational cost
makes them unsuitable for large screening studies. In our
previous work, we relied on the GLLB-SC (Gritsenko, O., Leeu-
wen, R., Lenthe, E., & Baerends, E.; SC stands for solid correla-
tion) functional,75 which has been shown to offer a reliable
balance of accuracy and computational efficiency for predicting
the band gaps of metal oxides and perovskites.30,76 Due to its
favorable performance in our earlier study,54 we have continued
to use this functional in the current work to perform band gap
calculations efficiently as implemented in GPAW.77 The band
gaps produced by the GLLB-SC functional differ by 0.5 eV from
the experimental ones.78 In these band gap calculations, an 8 �
8 � 8 Monkhorst–pack k-point grid was employed. GLLB-SC
band gaps were corrected by subtracting spin–orbit coupling
(SOC), which is the interaction between an electron’s spin and
its orbital motion around the nucleus.79

2.2 Data preparation: dual-cation AA0BX3 perovskite data sets

The flowchart shown in Fig. 1 summarizes the strategy used for
the development of two ML models to predict the band gap and
decomposition energy of AA0BX3 perovskites. In our previous
computational screening study,54 nearly 29 000 AA0BX3 perovs-
kite combinations were considered. This number is reduced to
22 011 after the elimination of AA0BF3 perovskites, which
mostly have large band gaps. By applying empirical tolerance
and octahedral factors, it has been found that 2710 candidates
tend to form stable perovskites. To achieve molecular and
elemental homogeneity in these data sets, additional decom-
position energy and band gap calculations were also performed
using the same DFT settings applied in our previous study.54

This increased the number of considered perovskites in the
data set to 4181. Out of the 4181 compounds, Egap calculations
were successfully completed for 2129 structures. As a result, two
different data sets were built with the help of DFT calculations:
DSEf holds 4181 Edec values, and DSEgap comprises 2129 Egap

values. Two different ML models have been trained using these
two data sets together with the GBR algorithm. As can be seen
from the flowchart shown in Fig. 1, 17 830 AA0BX3 perovskites
do not satisfy the empirical conditions, and this set was called
an independent test. Two different criteria, Edec r 0.025 eV per
atom and 1 r Egap r 2 eV, were used to select the promising
perovskites. Finally, the perovskites satisfying both criteria at
the same time have been collected.

2.3 Machine learning

After testing several ML algorithms, such as DTR, K-nearest
neighbors regression, and neural network regression from the
scikit-learn ML library,80 due to its better performance, the GBR

algorithm was used to build ML models for the estimation of
the decomposition energy and band gap of 17 830 AA0BX3

perovskites included in the independent test.
The GBR algorithm was trained using the DFT-computed

data sets, which were split into the training and test sets using a
random selection process. The mean squared error (MSE),
median absolute deviation (MAD), Root-mean-square deviation
(RMSD), and R-squared (R2) were used as error metrics for the
evaluation of the accuracy of the GBR model. The best models
obtained at this step were dumped on Python pickles to use
them for the independent test.

Feature (descriptor) selection is one of the most important
steps in the ML model building process. Since the training of
the ML models have been carried out using the DFT computed
data sets, employment of features based on the crystal

Fig. 2 Frequency of occurrences of Edec, Egap, A-cation, B-ion and X-
anion of the DSEdec data set.
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structures of AA0BX3 perovskites such as lattice parameters,
space group, cell volume and specific distances between A, B
and X sites is more obvious. However, the corresponding
structural features of the independent test are not known due
to the lack of crystalline structural information. Therefore,
obeying only the element-wise features is a necessity to estab-
lish a correlation between the chemical environment and the
corresponding decomposition energies and band gaps. Parti-
cularly, some of these element-wise features were accumulated
with the help of Pymatgen81 and Matminer82 open-source
Python packages. Since these packages can produce a plethora
of element-wise descriptors, only the most significant ones
must be employed to increase the accuracy of the ML model
and to avoid any possible overfitting/underfitting. As a result of
these facts, feature engineering was also carried out during the
ML model development. In this regard, an innovative method
for hyperparameter tuning utilizing cross-validation (CV) via
the GridSearchCV function within scikit-learn80 was used to
evaluate the performance of every combination of hyperpara-
meters and identify the most optimal parameter values of the
model. CV was implemented throughout the ML model con-
struction phase. The value of ‘‘CV’’ in hyperparameter tuning
specifies the number of folds in cross-validation, dividing data
into subsets for training and evaluation. Through experiments
with several CV values, the optimal CV value was determined,
highlighting its pivotal role in improving model accuracy and
robustness. Numerous combinations of hyperparameters,
including loss function, learning rate, maximum depth, and
number of estimators, were evaluated, and the most suitable
ones were employed during the building of the highly accurate
GBR models.

3 Results and discussion
3.1 Decomposition energy predictions

A dataset of DSEdec comprising 4181 compounds was utilized for
the model generation to predict the decomposition energies.
Fig. 2 illustrates a histogram analysis of the DSEdec dataset,

where Edec is changing between �0.4 eV per atom to 0.6 eV per
atom, along with the frequency of A/A0, B, and X constituents
within AA0BX3 perovskites.

A total of 14 elemental descriptors, listed in the ESI,† were
derived to characterize the Edec of AA0BX3 perovskites and were
utilized as features in data sets for further analysis. The DSEdec

data set was divided into two parts: 80% used for training and
20% for testing. The cross-validation method was applied by
utilizing CV = 10 to identify the most appropriate parameters
for the GBR model. As a result, ‘learning_rate’: 0.085, ‘loss’: ‘ls’,
‘max_depth’: 6, ‘min_samples_leaf’: 3, ‘min_samples_split’: 3,
‘n_estimators’: 300, ‘subsample’: 0.85 were selected and uti-
lized for building the GBR model. In particular, an accuracy
score of approximately 0.85 was reached for the test data set
upon the employment of nearly 4000 data points. After creating
and evaluating thousands of GBR ML models, the one exhibit-
ing superior accuracy in predictions was selected as the best-
performing GBR model. The following error metrics were
obtained for the train and test data sets using the best GBR
ML model. For the former, MSE: 0.063, R2: 0.983, RMSD: 0.251,
and MAD: 0.169, and for the latter, MSE: 0.213, R2: 0.936,
RMSD: 0.462, and MAD: 0.293, respectively. Fig. 3 shows the
predicted decomposition energies of cubic AA0BX3 perovskites
in comparison to the calculated ones and the corresponding
feature importance. It is obvious that the radius of the B site (rB)
has the greatest impact on the ML model performance, fol-
lowed by the electronegativity of the B-ion and X-anion. The
remaining features, especially the ones related to the perovskite
structure, such as the tolerance factor (t), new tolerance factor
(T),56 and octahedral factor (m) seem less important for the
model performance. As it will be discussed in the next section,
this best GBR ML model will be exploited to predict the
decomposition energies of the independent data set compris-
ing 17 830 perovskites.

3.2 Band gap predictions

For the prediction of band gap energies, the DSEgap data set,
which contains 2129 band gaps of AA0BX3 perovskites

Fig. 3 ML predicted decomposition energies of the cubic perovskites in the DSEdec dataset (left) and the corresponding feature importance (right).
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calculated at the GLLB-SC-SOC level, has been utilized. After
conducting tests on over 30 different elemental descriptors, a
total of 14 features, which were provided in Table S1 of the
ESI,† were chosen for the GBR model generation. As similar to
the Edec predictions, the cross-validation approach has been
utilized with the same settings to obtain the most suitable set
of parameters. The data set has been divided into train and test
sets with the following percentages: 75 and 25%, respectively.
As the loss function, ‘lad’ has been selected, and the number of
boosting stages (n_estimators) was set to 800. The maximum
depth of the individual regression estimators, the minimum
number of samples needed to split an internal node, and the
learning rate (shrinkage factor) have been set to 5, 4, and 0.085,
respectively. Fig. 4 shows the band gap prediction results of the
cubic AA0BX3 perovskites and the corresponding importance
ranking of the features that have been used in the GBR ML
model generation. As compared to the Edec predictions, instead
of only a few dominant features, it seems that all the consid-
ered features play a crucial role in making reliable band gap
predictions. More specifically, the electronegativity of B-ion,
which is also a dominant feature in the Edec GBR ML model, is
the most important descriptor in the band gap GBR ML model,
followed by the standard deviation of the Mendeleev number
(s(MN)) and the tolerance factor (t). For the train data set, the
following error metrics of MSE: 0.113, R2: 0.971, RMSD: 0.336,
and MAD: 0.177 eV were obtained. In the case of the test data
set, these errors were slightly increased to MSE: 0.202, R2: 0.946,
RMSD: 0.449, and MAD: 0.319 eV. It should also be noted that
the averaged RMSD of the test data set, 0.449 eV, was found

quite comparable with the one (0.462 eV) obtained for the Edec

predictions. Nevertheless, it is apparent that the best GBR ML
model demonstrated exceptional performance in the prediction
of the band gaps.

Table 1 summarizes the error metrics obtained for the train
and test data sets for both Edec and Egap predictions. Addition-
ally, Table 2 shows the error values obtained for both Edec and
Egap predictions of different materials in previous ML studies in
the literature. It can be seen that the error values obtained in
this study are within an acceptable range, especially when
compared to those reported in similar studies.

The same Edec and Egap ML model generation and prediction
procedure has also been applied to the orthorhombic and
tetragonal perovskite phases, whose results are given in the
ESI.†

3.3 Decomposition energy and band gap predictions for the
independent data set

Following the development of accurate GBR ML models, these
ML models have also been utilized to predict the decomposi-
tion energy and band gap of 17 830 AA0BX3 perovskites included
in the independent data set. In particular, the best GBR ML
decomposition energy and band gap prediction models yielded
that 6841 of 17 830 perovskites have a decomposition energy
that is lower than 0.025 eV per atom, and 4747 perovskites have
a desired band gap between 1.0 and 2.0 eV. Moreover, it has
been found that a subset of 930 AA0BX3 cubic perovskites meets
both criteria simultaneously. Fig. 5 illustrates the distribution
and frequency of occurrences of the A, B, and X components
within the 930 compounds. Additionally, it provides a heatmap
analysis showcasing the distribution pattern of A/A0-cations
across these compounds. As can be seen from Fig. 5a, V is
the most dominant B-cation, and it is followed by Ag. Among A-
cations and X-anions, i-BuA, DiEA, and Cl were found to be the
most favored ones. The heat-map in Fig. 5b highlights which A
must be coupled with which A0 cation. The top mixing between
A and A0 has been achieved with the following cation pairs: HY/
i-BuA, HY/PhA, DiEA/HY, DiEA/HA.

Fig. 4 ML predicted band gap energies of the cubic perovskites in the DSEgap data set (left) and the corresponding feature importance (right).

Table 1 Error metrics obtained for the train and test data sets using the
best GBRT ML model for both Edec and Egap predictions

Error metrics Edec train Edec test Egap train Egap test

MSE 0.063 0.213 0.113 0.202
R2 0.983 0.936 0.971 0.946
RMSD 0.251 0.462 0.336 0.449
MAD 0.169 0.293 0.177 0.319
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In the final stage, a refined filtering process was applied to
the predicted set of 930 perovskites using the new tolerance
(0 o T o 4.18) and octahedral (0.414 o mo 0.592) factors. This
additional screening helped to further narrow down the subset,
isolating the most promising candidates with the most favor-
able structural features. In particular, this filtration reduced the
number of candidate structures to 485. Fig. S1 of the ESI†
shows the frequency of occurrences of the A, B, and X compo-
nents within the 485 compounds. Among them, 20 compounds

were randomly selected to assess the accuracy of the GBR ML
models. For this purpose, the decomposition and band gap
energies of these 20 perovskites listed in Table 3 were calcu-
lated at the DFT level, and the obtained results were compared
with the ML-predicted ones in Fig. 6. Specifically, very low MSEs
of 0.160 and 0.098 have been obtained for the decomposition
and band gap energies, respectively. This comparison high-
lights the accuracy of ML predictions, showing that the ML
model’s estimations for both the decomposition energy and

Table 2 Error values from earlier research using various materials

Material (ML model) Error

Double halide perovskites (GBRT)49 RMSE (Edec) = 0.021 eV per atom
RMSE (Egap) = 0.223

Double oxide perovskites (random forests)83 MAE (Egap) = 0.180 eV
R2 (Egap) = 0.860 eV

MP-crystals-2018.6.1 data set (MEGNet)84 MAE (Ef) = 0.028 eV per atom
MAE (Egap) = 0.330 eV

Fig. 5 Frequency of occurrences of the A, B, and X components (left) and a heatmap analysis showing the distribution of A/A 0-cations (right) within the
930 compounds.

Table 3 Predicted and calculated Egap and Edec values (in eV) and dimensionalities of 20 perovskites shown in Fig. 6

Perovskite Predicted Egap Calculated Egap Predicted Edec Calculated Edec Dimension

3-Py DiMA SnBr3 1.72 1.62 �0.62 �0.24 3-D
3-Py FM InBr3 1.41 0.69 0.20 �0.42 Low-D
3-Py HA SnBr3 1.59 1.88 �1.67 �1.52 3-D
DiEA Cs InI3 1.91 1.70 0.05 �0.07 Low-D
DiEA HA PbI3 1.97 2.38 1.06 0.48 3-D
DiMA AA SnI3 1.16 1.10 0.67 0.59 3-D
DiMA TroP AgCl3 1.13 1.56 �0.45 �0.07 Low-D
EA AA SnI3 1.11 0.87 0.46 0.59 3-D
EA NH4SnBr3 1.66 1.44 �1.47 �1.56 3-D
FA HA SnBr3 1.35 1.14 �1.78 �1.95 3-D
FM HA SnBr3 1.50 2.20 �1.72 �1.78 3-D
FM i-BuA InI3 1.32 1.14 0.00 0.46 Low-D
FM TriMA SnBr3 1.84 2.20 �0.44 �0.82 3-D
GUA TiZ SnI3 1.32 1.19 0.52 0.36 3-D
HA i-BuA SnI3 1.68 1.63 �0.13 0.15 3-D
HA TetraMA SnBr3 1.87 1.85 �0.69 �1.05 3-D
HY i-BuA PbI3 1.95 1.85 0.49 0.22 3-D
HY i-BuA SnI3 1.67 1.60 0.03 �0.06 3-D
HY Py InI3 1.04 1.29 0.42 0.37 Low-D
TriMA GUA SnI3 1.19 1.42 �0.85 0.34 3-D
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band gap energy closely match the calculated values. Since ML
models provide valuable insights for these 930 perovskites,
integrating them into experimental workflows is essential to
validate and explore their true potential in practical applica-
tions. Moreover, the performance of these ML models for the
other perovskite formulas, such as AA0BB0X3, might also be
interesting.

4 Conclusions

In this study, we highlighted the potential of ML to accelerate
the discovery of lead-free perovskite materials with the formula
of AA0BX3. We conducted a computational screening using
high-throughput DFT to evaluate the decomposition energy
and band gap of a vast set of mixed-cation halide perovskites.
Initially, octahedral and tolerance factors were applied to
reduce the number of candidates from approximately 29 000
to nearly 2700, for which DFT calculations were performed.
Recognizing that the remaining 26 300 configurations might
still contain promising materials, we trained ML models on the
DFT-calculated data sets to predict the properties of these
perovskites. After testing various ML algorithms, we selected
GBR for its superior performance in predicting these proper-
ties. Separate GBR models were developed using elemental and
structural features to predict decomposition energy and band
gap. The GBR models demonstrated high accuracy with MSE
errors of 0.063 and 0.113 for the decomposition energy and
band gap GBR models, respectively. Our ML approach identi-
fied 930 potential perovskite candidates that met the criteria for
decomposition energy (Edec r 0.025 eV per atom) and band gap
(1.0 r Egap r 2.0 eV). Out of 930, 20 perovskites were randomly
selected for DFT calculations to validate the accuracy of our
predictions, and very low MSEs of 0.160 and 0.098 eV have been
obtained for the decomposition and band gap energies, respec-
tively. These findings highlight the robustness of our ML
approach and its potential to accelerate the discovery of new,
environmentally friendly perovskite materials for optoelectro-
nic applications.

Data availability

An open-source software implementation of our ML models
and data sets are available at https://github.com/tccdem/
Perosolar.
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